Abstract Spatially distributed snow cover information is important for the assessment of climate-related variability of water resources and for calibration and validation of hydrological models in snow-dominated regions. Nearreal-time snow cover data can be valuable for short term to seasonal streamflow prediction. Such information can be extracted using remote sensing techniques with good accuracy. Moderate Resolution Imaging Spectroradiometer (MODIS) snow cover data, meanwhile available for more than 15 years, have been shown to be useful for monitoring snow cover extent in remote areas. This data can be processed and used with only 2-day delay, which is sufficient for many water resources management purposes. However, processing remote sensing data require knowledge and computational skills to handle large amounts of data. Moreover, cloud obscuration in optical remote sensing such as MODIS may lead to data gaps. These limitations impede the use of the freely available MODIS data for water resources management in developing countries, particularly in snow-dominated mountainous regions. To overcome this, we present the all-in-one software package MODSNOW-Tool. It processes raw MODIS data and eliminates cloud cover using advanced cloud removal algorithms. The ready-to-use output of the MODSNOWTool is a cloud-free snow cover map and a daily report, which includes spatiotemporal snow statistics for pre-defined river basins. The accuracy of cloud-eliminated MODSNOW snow cover maps was validated for 84 almost cloud-free days in the Karadarya river basin in Central Asia, and an average accuracy of 94 % was achieved. The MODSNOW-Tool can be used in operational and nonoperational mode. In the operational mode, the tool is set up as a scheduled task on a local computer allowing automatic execution without user interaction and delivers snow cover maps on a daily basis. In the non-operational mode, the tool can be used to process historical time series of snow cover maps from MODIS.
Introduction
More than one-sixth of the world population relies on seasonal snow and glacier melt for water supply (Barnett et al. 2005) . Especially in mountain regions, seasonal snow storage acting as a temporal reservoir due to snow accumulation in winter months determines the river flow regime in the spring and summer months. For seasonal water availability estimation in mountain regions, it is therefore of utmost importance to obtain up-to-date and regular information on the snow storage in remote areas. This particularly holds for Central Asia, one of the arid/semiarid regions highly relying on water availability from snow and glacier melt in the Tian Shan and Pamir Mountains (Fig. 1) . The melt water from seasonal snow cover is thus vital for the economic development and social security of this region (e.g., Aizen et al. 1995; Sorg et al. 2012; UngerShayesteh et al. 2013) .
Whereas traditional station-based snow data are insufficient to represent large remote mountain areas with highly heterogeneous topography, development of the remote sensing techniques during the recent decades enabled monitoring of spatially distributed snow cover in highaltitude areas. Freely available remote sensing snow cover products can be obtained from Earth observing satellites with optical sensors such as Landsat, Advanced Very High Resolution Radiometer (AVHRR) or MODIS.
It has been shown that spatially distributed snow cover observations from space can improve hydrological model calibration and streamflow predictions. Tang and Lettenmaier (2010) showed that calibrating a hydrological model with MODIS-based snow cover updates improved streamflow prediction during the snow ablation period. Bergeron et al. (2014) used the MODIS snow cover area product to update the snow cover state in an operational hydrological model, which improved the near-real-time streamflow simulation. Roy et al. (2010) used snow cover area (SCA) information to simulate spring streamflow and came up with increased performance of hydrological model by integrating snow cover data. In multi-objective model calibration exercises, the use of areal snow cover information improved internal model consistency compared to the reliance on discharge records only (Parajka and Blöschl 2008a; Finger et al. 2011 Finger et al. , 2015 Duethmann et al. 2014) .
However, optical sensors are only able to capture snowcovered areas under clear-sky conditions. It is an important challenge to accurately estimate the presence of snow under clouds to obtain continuous time series of spatially distributed cloud-free snow cover data. Several approaches have been developed to reduce or completely eliminate cloud cover from MODIS snow cover images (Parajka and Blöschl 2008b; Liang et al. 2008; Gafurov and Bárdossy 2009; Tong et al. 2009; Xie et al. 2009; Hall et al. 2010; Parajka et al. 2010; Gao et al. 2011; Paudel and Andersen 2011; López-Burgos et al. 2013) . For more information on existing cloud filtering approaches, readers are referred to Supplementary section A. The quality of the original MODIS snow cover data was tested by several researchers in different parts of the world showing mostly over 90 % accuracy when compared with in situ data (Klein and Barnett 2003; Tekeli et al. 2005; Parajka and Blöschl 2006; Ault et al. 2006; Wang et al. 2008; Liang et al. 2008; Huang et al. 2011; Parajka et al. 2012; Gafurov et al. 2013) . The evaluation of the MODIS snow cover product in Central Asia showed above 92 % accuracy when compared against in situ snow depth data .
The here-presented MODSNOW-Tool is based on the cloud removal algorithm of Gafurov and Bárdossy (2009) . Their methodology is further improved by including the conditional probability of snow appearance/disappearance at each location and by using monthly snow cover patterns (''Advancement of the cloud cover elimination algorithm'' section).
Although continuous remote sensing snow cover products such as from MODIS have been available for more than 15 years now, their application in mountainous areas particularly for operational monitoring and seasonal water availability forecasting purposes is still limited due to cloud obscuration and data processing challenges. An automated tool covering the complete processing chainobtaining data, decompressing, reformatting, assigning a correct coordinate system, basin clipping, cloud elimination, statistical analysis-has not yet been introduced. Manual processing of such continuous space-time fields over several years and for large catchments can be a challenging task. In order to overcome these limitations, we present here a all-in-one tool for daily MODIS snow cover data processing and analysis. It can be used in operational and non-operational mode to obtain cloud-free snow cover maps for specified regions. In operational mode, the tool can be set up as a scheduled task, which delivers daily updates of snow cover maps without any user interaction. In non-operational mode, the tool can be used to process large number of historical snow cover images. The tool provides ready-to-use cloud-free snow cover maps for selected time periods, which can be assimilated into statistical or hydrological models for streamflow prediction.
Methodology
The MODSNOW-Tool is designed to process the MODIS snow cover product. MODIS, an optical sensor installed on board of the Terra and Aqua satellites, conducts Earth observations since March 2000 and July 2002, respectively. The MODSNOW-Tool uses the daily MODIS Terra and Aqua binary snow cover product (MOD10A and MYD10A, version V005) with 500-m spatial resolution (Hall et al. 2006) Figure S3) .
MODSNOW-Tool processing chain
The MODSNOW-Tool consists of seven processing modules as illustrated in Fig. 2 . These modules include: (1) downloading up-to-date available MODIS snow cover data from the NSIDC server, (2) downloading up-to-date incoming and outgoing short-wave radiation data from a network of automatic climate stations, (3) processing observed in situ snow data, at station locations subsequently used for the improvement of the cloud removal algorithm, (4) merging and reprojecting the required number of MODIS tiles as GeoTIFF files, (5) converting GeoTIFF files into ASCII format and basin masking, (6) conducting cloud elimination using 8 subsequent steps, and (7) post-processing and visualization of reports on snow cover conditions at the basin scale. This chain is organized through a batch file, which can be executed manually or set as scheduled task at certain time. Detailed explanation of these modules is given in the Supplementary Section B.
The modules 2 and 3 are site specific for Central Asia. The radiation data in this case are used to enhance snow cover information based on statistical relationships between station records and snow cover properties as explained in Supplementary section D. In Central Asia, this approach is used due to unavailability of direct snow depth records in an operational mode. It is possible to apply MODSNOW in other regions with direct near-real time measurements of snow depth. The snow data should be prepared in a format as illustrated in Supplementary  Table S3 .
Advancement of the cloud cover elimination algorithm
The cloud removal algorithm in the MODSNOW-Tool is based on Gafurov and Bárdossy (2009) with additional novel steps. Particularly, point-based observations are used to estimate the presence of snow cover in remote areas based on spatial statistical relationships between pixel state (snow/no snow) and proxy data such as in situ station records and state of other pixels (''Station to pixel conditional probability approach'' and ''Virtual station to pixel conditional probability approach'' sections). The observed data of snow cover state (e.g., snow depth) at meteorological stations can be used as proxy data. Moreover, Environ Earth Sci (2016 ) 75:1078 Page 3 of 15 1078 temporally persistent monthly snow cover patterns are used to estimate snow cover beneath cloud coverage (''Monthly probability fields'' section). The modified cloud removal algorithm consists of sequential eight steps ( Fig. 2 and Supplementary section C). The additional steps compared to Gafurov and Bárdossy (2009) are steps 2, 3 and 4 as explained below.
Station to pixel conditional probability approach
Step 2 (Fig. 2) is based on the conditional probabilities of snow cover in individual pixels. The conditional probability gives the probability of snow cover at a pixel given e.g., snow depth[0 at a certain monitoring station has been detected. The technique was originally proposed by Gafurov et al. (2015) for the reconstruction of historical snow cover extent based on local station observations. The algorithm is adopted here for cloud removal. The conditional probability of a pixel covered by snow given in situ station records can be computed using observed station time series and cloud-free time series of each MODIS pixel as follows: P s ðS x;y jS n Þ ¼ P ð1 À ABSðS x;y;t À S n;t ÞÞ N x;y 8 S n;t ¼ 1 ð1Þ
where P s ðS x;y jS n Þ and P l ðS x;y jS n Þ are the conditional probabilities of a pixel at x; y being covered by snow (s) and bare land (l), respectively, in relation to the snow record at station n. S x;y;t and S n;t indicate the presence (S ¼ 1) or absence (S ¼ 0) of snow for day t as a binary variable, respectively. N x;y is the total number of available observations at pixel x; y (MODIS data, excluding cloud-covered days) and at station n over the period of MODIS Terra (longer time series availability comparing to Aqua) snow data availability. The values of P s ðS x;y jS n Þ and P l ðS x;y jS n Þ vary from 0 to 1, with P s S x;y jS n À Á ¼ 1 P l S x;y jS n À Á ¼ 1 À Á , indicating that a pixel at x; y can be classified as snow covered (snow-free) by MODIS when station n measured snow depth [0 (=0). The conditional probabilities are computed for all pixels in the study area in relation to each station. The number of pixels within the study area showing a very close relationship to the station data with P s ðS x;y jS n Þ ¼ 1 or P l ðS x;y jS n Þ ¼ 1 varies from station to station according to its geographic location. The higher the number of pixels with P s ðS x;y jS n Þ ¼ 1 (P l ðS x;y jS n Þ ¼ 1), the higher is the predictive power of the station for snow (land) classification. In order to quantify the predictive power of each station, the Snow Predictability Index (SPI) and Land Predictability Index (LPI) for each station are computed according to Eqs. 3 and 4.
where SPI n and LPI n are the Snow Predictability Index and Land Predictability Index of station n, which give the fraction of pixels in the target basin for which P S x;y jS n À Á ¼ 1 holds. N is the total number of pixels in the target area.
For those MODIS pixels, which exhibit a conditional probability of P S x;y jS n À Á ¼ 1, one can estimate the actual pixel state beneath cloud cover on day t as formalized in Eqs. 5 and 6:
Monthly probability fields
The monthly probability fields approach is based on the idea that certain pixels within the basin are snow covered or snow-free with high confidence during different months. This allows detecting temporally persistent spatial patterns of snow or land cover for a certain month based on historical MODIS observations (Gafurov et al. 2015) . We compute the so-called monthly probability (MP) of snow/land cover for each pixel in a certain month: (2013) presented a similar method to analyze controls on snow climatology in mountainous region. However, they used MODIS 8-day composite snow cover data to construct Snow Cover Index (SCI) for selected days, which represents probability of MODIS pixels being snow covered on that particular day based on previous records of this day. This may, however, be an insufficient number of observations for establishing a stable snow cover pattern for this particular day (only 10 observations during 2000-2010 in Richer et al. 2013) . In this study, we use the complete series of daily MODIS observations to construct the monthly snow pattern and compute MP. This leads to a higher confidence in the estimated monthly snow patterns. The value of MP s x;y ð Þ; m ð Þ MP l x;y ð Þ; m ð Þ can be at maximum 1, meaning that the pixel x; y was always covered by snow (land) in month m during the cloud-free days of available MODIS observation. MP values can be computed for every pixel in the study area and every month, which leads to MP maps for all 12 months and for snow and snow-free (land) conditions (in total 24 maps). By analogy with the previous step, where the predictive power of each station was calculated, the predictive power of each month for snow (SPI) and land (LPI) conditions can be computed. For this, the number of pixels with MP s x;y ð Þ; m ð Þ ¼ 1 for SPI or MP l x;y ð Þ; m ð Þ ¼ 1 for LPI, substitute P S x;y;t jS n;t À Á ¼ 1 in Eqs. 3 and 4. Using the monthly SPI and LPI maps, one can estimate the pixel coverage beneath cloud cover for all MP = 1 value in a corresponding month as formalized in Eqs. 9 and 10:
Virtual station to pixel conditional probability approach
In this step, the conditional probabilities of each pixel in relation to virtual stations in the basin are computed. This step is similar to step 2 where the conditional probability of each pixel in relation to station records is computed. Any MODIS pixel may be treated as a virtual station, and the MODIS Terra snow cover time series of this particular pixel can be used as a virtual station record (time series). Several virtual stations can be pre-defined inside the target basin. The conditional probability of each pixel can be computed in the same way as in step 2, which yields conditional probability maps for each virtual station. Using Eqs. 3 and 4, the SPI and LPI values can be derived. In case, snow cover information at virtual station location is available either from direct MODIS observations or reconstructed from previous steps, clouds can be removed using SPI and LPI maps. However, using snow cover information at virtual stations being originally cloud covered and reconstructed from previous steps may lead to error propagation. Considering possible false classification in the previous steps, a minimum number of virtual stations with P S x;y jS i;j À Á ¼ 1 should be considered and can be controlled by a threshold value k (Eqs. 11 and 12). This should reduce the risk of wrong identification of snow cover, resulting from uncertainties in the previous steps.
where P s ðS x;y jS i;j Þ and P l ðS x;y jS i;j Þ are the conditional probabilities of snow and land between pixels with x; y and i; j coordinates, respectively. S i;j;t is the state of a virtual station (1-snow, 0-snow-free) with i; j coordinates at time t.
The number of virtual stations can be defined a priori. These stations are distributed automatically with equal distance inside the basin by the MODSNOW-Tool. It is possible to assign any number (at maximum all pixels in the study area) of virtual stations used for cloud removal in this step. The number of virtual stations to be assigned in the basin can be given in the parameter file as explained in Supplementary section E. However, the higher the number of virtual stations is, the better will be the cloud elimination performance due to increased number of SPI/LPI maps. It is also possible to consider each pixel as virtual station where conditional probability computations can be carried out in an ''all-versusall'' procedure, meaning that the predictive power for each pixel in the target basin will be computed for snow (SPI) and land (LPI). This would increase the accuracy and the share of cleared pixels but may require considerable CPU time and storage for archiving SPI and LPI maps for each pixel.
Multiple snow onset and snow disappearance days
The last step in the cloud removal algorithm was modified from Gafurov and Bárdossy (2009) not only to account for a single snow onset (first day of snow accumulation) and snowmelt (last day of snow disappearance) days in a year, but also to consider multiple snow onset and snowmelt events as well, which are typical for the transition periods in spring and autumn. The annual time series of each pixel are analyzed in this step. Multiple snow onset dates, i.e., snow cover following the last snow-free observation, and snow disappearance dates, i.e., snow-free observation following the last snow cover observation, are identified. Using these threshold dates, the remaining cloud cover can be removed as follows:
where t A and t M are the snow onset and snow disappearance dates, and t is the current day for which cloud elimination takes place. This is a final step removing all remaining cloud cover.
Cloud elimination in the operational mode
For implementation in the operational mode (2-day delay), steps 5 and 8 of the cloud removal algorithm need to be adjusted to the condition that snow cover data are only available for the previous and current day.
Step 5 uses the previous and next day information of each cloud-covered pixel for cloud removal. In the operational mode, only information from the previous day is available. Therefore, the cloud-covered pixel is set as snow covered if the previous day was classified as snow covered as well. This is based on the assumption that there is a high probability that the snow cover from the previous day persists if the current day is cloud covered and, hence, direct solar radiation is low.
Step 8 uses the time series of each pixel coverage to assign multiple snow disappearance and snow onset days and eliminates clouds according to these threshold days. In the operational mode, only one single map is processed and annual pixel time series cannot be evaluated to identify multiple snow onset and snow disappearance dates. In order to overcome this limitation, an intermediate data file is stored, which contains the last snow disappearance or snow onset records for each pixel in the target area. In this way, the intermediate file is used to extract pixel condition during last observation and updated daily with possible new snow to land or land to snow transition, which is used for cloud removal on the subsequent day.
Case study: application of the MODSNOW-Tool to the Karadarya river basin in Central Asia
After introducing the study area, input data and preprocessing steps, we demonstrate the application of the MODSNOW-Tool for the Karadarya river basin. In particular, the evaluation of the enhanced cloud elimination algorithm is discussed.
Study area
Central Asia is characterized by a highly continental semiarid to arid climate. Annual precipitation varies from about 50 mm in the lowland areas of the deserts to more than 1800 mm in high-mountain areas with alpine climate where precipitation mostly falls as snow. Snow cover extent is largest from December to February. According to Zhou et al. (2013) , the plains in Central Asia show a maximum snow coverage of 32 %, whereas the mountainous parts reach a maximum snow coverage of 80 % based on long-term observations. Snow cover duration rises by *4 days per 100-m elevation (Dietz et al. 2013) . In spring and summer, snowmelt highly contributes to river flow and in the late summer, snow almost melts out.
Runoff from the headwater catchments (cf. Supplementary Figure S3 ) of Central Asia feeds the two major rivers Amudarya and Syrdarya, which flow into the meanwhile heavily diminished Aral Sea. Water from Amudarya and Syrdarya rivers is needed for irrigated agriculture during the vegetation period and for hydropower generation mainly in the winter months. Optimizing the water management fulfilling both objectives in a transboundary setting requires forecasts on the seasonal water availability. Thus, snow cover information for remote high-mountainous areas and in near real time is very valuable to assess potential water resources in the summer months.
For demonstrating the MODSNOW operational tool, we exemplarily present its application for the Karadarya river basin located in southwestern Kyrgyzstan ( Fig. 1 and Supplementary Figure S3 ). Basin elevation ranges from 651 m.a.s.l to 4717 m.a.s.l and the area is about 12,000 km 2 .
Data
The MODSNOW-Tool uses MODIS snow cover data, in situ snow depth and albedo data from meteorological stations and a digital elevation model (DEM) as input.
Snow depth observational data
For the Karadarya basin, snow observations from three different sources were used which add up to 90 stations ( Fig. 1 and (GHCN-D) archive obtained through KNMI (Royal Netherlands Meteorological Institute) climate explorer (http://climexp.knmi.nl). This dataset has the drawback that the records are available only for days with snow observation and if snow depth was above zero. Hence, it does not differentiate between the cases of no snow (snow depth = 0) and missing data (Imke Durre, NCDC, 2010, personal communication). In order to increase information content of this dataset and distinguish snow depth of zero from missing data, we used snow cover time series of MODIS Terra snow product from corresponding cloud-free MODIS pixels covering station locations to complete the time series. Days with missing data at the station and snow-free classification from MODIS Terra for the corresponding pixel of station location were assigned as snow depth = 0. However, days with missing station data and cloud cover in the original MODIS Terra time series remained as missing data. The third freely available subset covering 7 stations originates from the automated meteorological network established in the CAWa project (www.cawa-project.net). As not all CAWa stations do include snow depth sensors, the binary information on the presence of snow/no snow at station location is estimated based on the measured surface albedo as explained in Supplementary section D. For more details on the station, network and observation variables refer to Schöne et al. (2013) .
Digital elevation model (DEM)
The void-filled NASA Shuttle Radar Topography Mission (SRTM) DEM with 90-m spatial resolution (Jarvis et al. 2008 ) was used in this study. SRTM DEM data were obtained from the CGIAR CSI (Consultative Group on International Agricultural Research, Consortium for Spatial Information) Database (www.cgiar-csi.org/data). To have the same resolution as the MODIS data, the 90 m SRTM DEM was aggregated to 500 m.
Data preparation for cloud elimination in the Karadarya basin
The application of steps 2, 3 and 4 of the cloud elimination algorithm requires the computation of conditional probability fields and monthly probability fields. Hereafter, these Step 2: station to pixel conditional probability approach As stated in ''Station to pixel conditional probability approach'' section, the conditional probability (PðS x;y jS n Þ) of snow/land for each pixel can be computed using Eqs. 1 and 2 which leads to a conditional probability map for the study area. An example for such a map with P S x;y jS n À Á ¼ 1 for snow and land conditions for the Karadarya basin and the Chimgan station is given in Fig. 3a . Pixels with blue color (red color) in Fig. 3a indicate P S x;y jS n À Á ¼ 1 (full agreement in the MODIS observation period) to Chimgan station for snow (snow-free) conditions. Based on this strong relation, derived from cloud-free pixels during 2000-2014 (MODIS observation period), the corresponding pixels can be assigned as snow covered (snowfree) should Chimgan station record a snow depth [0 (=0).
Such maps were derived for each station as shown in Fig. 1 where the SPI and LPI values of each available station in Central Asia to the MODIS pixels in the Karadarya basin are illustrated. Noticeably, stations located at lower elevations have higher SPI values and stations located at higher elevations have higher LPI values. This can be explained by the fact that if a lower (higher) located station indicates snow cover (snow-free) condition, pixels with significantly higher (lower) elevation are likely to be snow covered (snow-free) as well.
Step 3: monthly probability fields A monthly probability map of snow/land is exemplarily shown in Fig. 3b Table 1 shows the corresponding monthly SPI and LPI values.
Assuming a temporal persistence of the established monthly snow patterns, for example, about 22.9 % of the pixels in the Karadarya basin can be assigned as snow covered in January, should any of these pixels be covered by clouds in this month. Similarly, about 44.5 % of the pixels can be assigned as snow-free in September.
Step 4: virtual station to pixel conditional probability approach Figure 4 illustrates the distribution of 537 virtual stations and their SPI and LPI values for the Karadarya basin. The predictive power of each virtual station varies and is related to its elevation. Virtual stations at higher elevation have higher LPI values and those at lower elevation have higher SPI values as was also the case in step 2. The higher LPI values compared to SPI values show that it is easier to estimate snow-free conditions than snow-covered conditions. Error fraction is computed comparing MODSNOW processed snow cover maps, which were artificially cloud masked against original snow cover maps, excluding originally cloud-covered pixels (B10 %) Fig. 8 Snow cover dynamics (10 day moving average) relative to total basin area for the Karadarya basin Using Eqs. 11 and 12, further cloud cover can be removed in this step using virtual stations as predictors. The threshold value for k was set to 5 in this study.
Results
Performance of the enhanced cloud removal algorithm Figure 5 shows the monthly mean cloud cover percentage in the Karadarya basin for 2008 (bar height) and the performance of each algorithmic step (colors within bars) in removing cloud cover. Monthly mean performance is computed using daily cloud cover performance. Cloud cover and the performance of individual steps vary throughout the year with step 2 to perform at best in this case. The performance of other steps varies depending on remaining cloud cover at different time. In general, step 2 eliminates higher proportion of cloud cover, which makes it difficult to evaluate the performance of other steps. In the following, the performance of individual steps is evaluated in terms of their ability to reduce cloud cover (Fig. 6 ) by applying these steps individually after step 1.
Step 1 is not evaluated since it is merely based on observed snow cover from Terra and Aqua platforms.
Step 8 is not evaluated either, as it removes the remaining cloud cover to deliver a cloud-free image. As shown in Fig. 6 , step 2 removes a high fraction of cloud cover in winter months with very high cloud cover percentage. The cloud reduction factor for this step is high during the snow season where snow patterns are stable over time and can be easily identified based on stations located in lower elevations. The high number of observation stations used for cloud removal also contributed to the high performance of step 2.
Step 3 reduces cloud cover efficiently in the months with temporally stable spatial snow patterns. Similar to step 2, this step is based on a priori estimated temporally persistent snow patterns. This is very useful for the days with extensive cloud cover when it is particularly challenging to estimate pixel coverage. The cloud reduction factor of step 4 is lower than of step 2 despite the fact that similar approaches (conditional probability) are used. This is due to the fact that: (1) selected virtual stations have a lower predictive power compared to stations used in step 2 and (2) some of the pixels on which virtual stations are located might be cloud covered and thus cannot be used as predictors to eliminate cloud cover in other pixels. This is especially true for the months with higher cloud cover fraction as shown in Fig. 6 . In contrast, step 2 where station records are used for cloud elimination is independent of cloud obscuration.
Step 5 performs well throughout the year and is most effective for days with high cloud cover fraction having less cloud cover fraction on the preceding and following days.
Step 6 removes the least cloud cover. This is partly a consequence of the fact that this step is only executed as long as the total cloud cover does not exceed the threshold value of 30 %. This step has, however, higher potential for improved cloud removal when it is applied after step 5 due to the higher probability of the target area to have \30 % cloud cover as a result of cloud cover reduction in the first 5 steps.
Step 7, which uses the condition and elevation of neighboring pixels as decisive factors, also shows good cloud removal performance. The final step 8 removes remaining cloud cover and is important on those days where previous steps do not completely remove cloud cover.
Validation of the MODSNOW-Tool processed snow cover
Since we did not have independent snow cover data to test the accuracy of cloud removal, the following procedure was used to validate the cloud elimination by the MOD-SNOW-Tool: (a) For the complete year of 2008, cloud cover fraction was assessed from daily original MODIS Terra snow cover product, (b) all days with B10 % cloud cover were assumed to be observed snow cover and set as validation days, (c) an artificial cloud cover mask of 100 % was assigned to the entire basin for those days, (d) the MODSNOW-Tool cloud removal algorithm was applied and (e) snow cover fraction for validation days was compared against observed original snow cover maps. Figure 7 shows the high accuracy of the MODSNOWTool cloud removal algorithm. The accuracy is especially good in winter and summer months when cloud removal is easier than in the transition periods. For validation purposes, 84 days with B10 % cloud cover in 2008 were available, many of them in summer months. The average accuracy over all validation days was 94 % with a range of 77.3-99.8 %. Only 10 days had accuracies less than 90 %. These figures demonstrate the accurate reconstruction of snow information beneath cloud cover, especially considering that these accuracies were achieved under the ''worstcase'' condition of 100 % cloud cover. Higher accuracies are expected for days with less cloud cover as some steps e.g., step 4 rely on the available cloud-free information.
Snow cover maps and daily reports
The main outcomes of the MODSNOW-Tool are daily cloud-free snow cover maps in ASCII format and a daily snow cover report as Portable Network Graphic (.PNG) file. Figure 8 shows varying inter-annual snow cover dynamics in the Karadarya basin from 2000 to 2014 constructed using MODSNOW processed cloud-free snow cover maps. For instance, the hydrological year 2006-2007 was the snow poorest period in the Karadarya basin, which resulted in the extreme water scarce year in Central Asia in 2007, when some reservoirs achieved their lowest levels in the last 14 years. Analogously, further dry years can be early detected and anticipated based on the snow cover extent during winter months. Figure 9 shows the daily report for the Karadarya basin exemplarily for April 1, 2014. It consists of the snow fraction time series for the hydrological year until the current day (red point in Fig. 9 ), the current day total snow cover fraction including its distribution across different elevation zones, the digital elevation model of the basin and the cloud-free snow cover map.
Discussion and conclusions
The presented MODSNOW-Tool provides daily cloud-free snow cover maps. In operational mode, this tool can be set up as scheduled task delivering daily snow cover of remote areas without any user interaction. It can also be applied in the non-operational mode to generate historical daily time series of snow cover maps for specified areas. Snow cover information can be very valuable for different purposes, such as seasonal streamflow forecasting or the calibration and validation of hydrological models.
The here-presented enhanced cloud removal algorithm of the MODSNOW-Tool has an advantage compared to existing approaches since it eliminates cloud cover even under complete cloud obscuration with low error level. Previously developed techniques use spatial and temporal cloud-free snow information from the original MODIS snow cover data of the study area to remove clouds. However, under complete cloud cover conditions, cloud removal is not possible using spatiotemporal information from the same area. Using climate station records in combination with SPI and LPI maps allows for cloud removal independent of the cloud cover conditions over the target area.
The MODSNOW-Tool uses near-real time information on snow coverage from the CAWa meteorological network to estimate cloud-free snow cover on the basin scale in this study. An approach of snow cover estimation based on radiation data was developed and proved to deliver reliable results. Estimated station-based snow cover series at the location of meteorological stations based on radiation data was evaluated using original MODIS Terra snow cover data and gave accuracies mostly above 90 % (Supplementary Table S1 ). It is noteworthy that this result may, however, be biased to some extent due to comparison of two different data sets (point based versus pixel based).
The heterogeneity within the pixel domain can be uncaptured by point-based information.
Clouds are removed in eight consecutive steps in the MODSNOW-Tool. Therefore, the accuracy in the subsequent steps is also dependent on the accuracy of preceding steps. Some steps use reclassified snow cover from previous steps as predictor, and therefore, it is important that more accurate steps are conducted first in order to increase overall accuracy. The current order of steps in cloud removal algorithm is also designed in this way. For example, the step 8 in this algorithm removes all remaining cloud cover and is least accurate among all steps. Particularly, ephemeral snow cover conditions may to some extent influence the accuracy of step 8 as temporally unstable short-lasting snow cover may lead to biased assignment of multiple snow onset and snowmelt dates in this approach.
In overall, the MODSNOW-Tool cloud removal algorithm was found to be very accurate for the case study area. When analyzing 84, almost cloud-free days, mostly above 90 % agreement was achieved with an average accuracy of 94 % when considering worst-case conditions (100 % cloud cover). Higher accuracies can be achieved with less cloud cover. As elevation is one of the main controls of snow distribution, the accuracy of cloud removal in mountainous regions can be expected to be higher than in flat regions. The eight-step cloud removal algorithm can be tailored to the target area by excluding any step, which might be of less importance.
It is important to note that any number of stations, including stations outside the target area, can be used to remove cloud cover. A higher number of stations will lead to a higher number of SPI and LPI maps and, consequently, to a higher accuracy of cloud removal, however, at the cost of computation time. If real-time in situ snow depth data is available, the MODSNOW-Tool modules 2 and 3 can be omitted. They have been specifically designed for the data situation in Central Asia and are developed to compile binary snow cover information based on radiation data. In case that real-time in situ snow depth records are available, another script can be prepared (e.g., in R statistical programming language) to bring snow depth records into the format required by the cloud removal algorithm (Supplementary Table S3 ) and docked to the MODSNOW-Tool. Should real-time in situ snow depth data be not available, step 2 of the cloud removal algorithm can be omitted.
During compilation of this manuscript, the version 006 of MODIS snow product was released. This newer version dataset does not anymore contain binary snow cover product, as was in Version 005 the case, but NormalizedDifference Snow Index (NDSI) values. The version 006 of MODIS snow product can also be processed using MOD-SNOW-Tool by docking another script (currently under development) for estimation of binary snow cover based on a-priori specified NDSI threshold value (* 0.4) for snow classification.
The MODSNOW-Tool was developed and set up for Central Asian basins but can also be applied in other regions of the world. It is currently installed for real-time application at the National Hydrometeorological Services of Central Asian states Kazakhstan, Uzbekistan and Kyrgyzstan with the aims to be integrated in their seasonal water availability forecasting workflows. Moreover, it is applied at the Central Asian Institute for Applied Geosciences (CAIAG) in Bishkek, Kyrgyzstan, for studying the role of snow on Central Asian mountain hydrology.
